Soil structure is a key soil property affecting the ability of soils to carry out various functions such as the production of food, feed, and biomass and the storage and movement of water, gas, and solutes (Bronick and Lal, 2005) . Soil structure is usually defined as the spatial arrangement of pore and particle networks in soil, and it is quantified using various approaches. The quantification of soil structure, in terms of the soil-pore system, ranges from the direct measurement of soil pore networks to indirect measurement of the functional behavior of the soil structure and is derived from the flow and transport experiments. X-ray computed tomography (CT) is being extensively explored for its ability to directly quantify soil structure in terms of soil-pore networks (Al-Raoush and Willson, 2005; Helliwell et al., 2013; Katuwal et al., 2015c; Paradelo et al., 2016; Rab et al., 2014; Schlüter et al., 2011) . Various pore network characteristics such as porosity, connectivity, pore diameter, and pore shape have been quantified to assess the soil structure Luo et al., 2010; Vogel et al., 2010) , which, in turn, has been used to study and predict flow and transport processes in soils (Anderson, 2014; Köhne et al., 2011; Larsbo et al., 2014; Naveed et al., 2015) . Because of the nondestructive nature of the analysis, X-ray CT
Core Ideas
• Vis-NIR can be used for estimation of soil physical and structural properties. • Structural parameters are better predicted using vis-NIR than pedotransfer functions. • Vis-NIR can be a fast and reliable method for predicting soils' transport behavior.
VZJ | Advancing Critical Zone Science p. 2 of 13 allows three-dimensional data to be combined with structural data obtained from the other methods (Katuwal et al., 2015a) and for the dynamic processes to be visualized and analyzed (Cnudde and Boone, 2013; Koestel and Larsbo, 2014; Luo et al., 2008; Mooney, 2002) . With the advancement of the technology, computational power, its greater affordability, and ease of accessibility, there is an increasing tendency to use X-ray CT in soil science research (Vaz et al., 2014) . At present, several challenges such as accessibility, availability, cost, and the need for image processing techniques still limit the widespread use of the technology or use of X-ray CT in largescale studies. Because of this, pedotransfer functions, developed from the relationship between soil structural properties and basic soil physical properties, are still used in many prediction functions.
Diffuse reflectance spectroscopy using the visible to near-infrared (vis-NIR, 400-2500 nm) region is an inexpensive and rapid means of measuring soil properties that requires little or no sample preparation and offers the possibility of estimating several soil properties with a single spectrum (Viscarra Rossel et al., 2006) . The basic principle behind vis-NIR spectroscopy is that different components of soils absorb energy in the visible range of the electromagnetic spectrum, mainly due to electronic transitions of atoms, and in the NIR range from weak overtones and combinations of vibrational features that have fundamental absorptions due to molecular vibrations (C-H, O-H, H 2 O, N-H, and CO 3 groups) in the mid-infrared region (Viscarra Rossel et al., 2006) . Soil color, soil moisture, OC, particle size, and soil mineralogy are the basic soil constituents and properties affecting spectral reflectance and absorbance the most (Stenberg et al., 2010) . Visible-near-infrared spectroscopy has been used for both qualitative and quantitative analysis of soils (Du and Zhou, 2008) . It is increasingly used for the prediction of soil physical, chemical, and biological properties, particularly soil OC, clay content and mineralogy, soil pH, N, extractable P, K, Fe, and cation exchange capacity (Cambou et al., 2016; Nocita et al., 2013; Peng et al., 2014; Sørensen and Dalsgaard, 2005; Stenberg et al., 2010; Viscarra Rossel et al., 2006) . The successful application of vis-NIR spectroscopy to determine soil properties such as texture and OC or organic matter, which have a primary response in the vis-NIR region, has opened the doors for the prediction of various other soil properties that do not have a primary response in the vis-NIR region but are correlated to the basic soil physical properties (Brown et al., 2006) . More recently, new applications of vis-NIR spectroscopy have been explored, ranging from the estimation of soil-water retention (Babaeian et al., 2015a (Babaeian et al., , 2015b Santra et al., 2009) to soil structural quality (Askari et al., 2015; Cécillon et al., 2009) , soil aggregate size distribution and stability (Gomez et al., 2013; Sarathjith et al., 2014) , and soil engineering properties (Waruru et al., 2014) .
While X-ray CT provides a direct measure of the soil-pore system and structural parameters, vis-NIR spectroscopy provides the prediction of various soil properties based on the spectral response of the soil constituents in the vis-NIR region. Soil structural properties are controlled by different factors such as soil properties, climate, soil and crop management, and the activity of plant roots and soil fauna (Bronick and Lal, 2005) . The structural properties, in turn, affect the hydraulic properties of the soil and therefore the basic soil properties and/or the structural properties are often used for the prediction of the hydraulic properties (Børgesen et al., 2008; Dexter, 2004; Rawls, 1983) . Under saturated conditions, the hydraulic conductivity and solute transport are largely controlled by macropores (pores larger than ?30 mm in equivalent cylindrical diameter [Jarvis, 2007] ) and their characteristics (Naveed et al., 2015; Vogel, 2000) because they transport fluids and solutes at much faster rates than the surrounding soil matrix. However, under soil moisture conditions close to saturation, the soil hydraulic properties and solute transport depend on whether macropores in the soil are activated or not (Vanderborght et al., 2000) . Recent studies by Paradelo et al. (2016) and Katuwal et al. (2015b) have shown that under steady-state and near-saturated conditions, the initiation of macropore flow depends on the density of the field-moist soil matrix (CT matrix ), which can be derived using nondestructive X-ray CT. The CT matrix represents the compactness of the field-moist soil matrix and is affected by the abundance of pores in the soil matrix, the properties of the soil particles, and the moisture content of the soil during scanning and thus is closely related to soil bulk density under field-moist conditions (Katuwal et al., 2015b; Lamandé et al., 2013) . Vogel et al. (2006) and Vogel and Roth (2003) showed that the prediction of flow and transport through soils requires information on both the macrostructure and microstructure, where the quantification of the macrostructure should include information on the three-dimensional topology (obtained from X-ray CT), while the microstructure heterogeneities can be averaged and replaced by effective descriptions. Quantification of macropores with X-ray CT has often shown that macropore characteristics such as macropore size and connectivity are highly correlated with macroporosity (Katuwal et al., 2015c; Larsbo et al., 2014) . Thus macroporosity as a measure of macrostructure and CT matrix as the effective microstructural parameter have been chosen as structural properties for this study.
The aim of this study was to evaluate the use of vis-NIR spectroscopy for the estimation of soil structural properties relevant to solute transport quantified using X-ray CT (macroporosity ³1.2 mm and field-moist matrix bulk density, CT matrix ) of soil from six agricultural fields within Denmark. The hypothesis was that vis-NIR spectroscopy can be used for the rapid assessment of soil structural properties. In this study, X-ray CT was used for characterizing the aspects of soil structure most relevant to water and solute movement. The CT matrix and macroporosity were quantified using X-ray CT and were then estimated using vis-NIR spectroscopy.
Materials and Methods

Field Sites and Soils
Topsoils from six agricultural fields in Denmark (Fig. 1) were studied. The fields represent a wide range in soil texture from sandy to VZJ | Advancing Critical Zone Science p. 3 of 13 silty clay (Table 1 ). The field site in Estrup (55°29¢10² N, 9°4¢9² E, 1.26 ha) is characterized by a sandy loam soil. The field is located on a clay till core developed with deposits of different age and composition (Lindhardt et al., 2001) . Further information on the site can be found in Paradelo et al. (2016) . The Faardup field site (55°19¢1² N, 11°20¢34² E, 2.3 ha) is characterized by a sandy loam. It is developed on a meltwater sand aquifer, which is overlaid with Weichselian clay till deposits (Lindhardt et al., 2001) . For more information on the site characteristics, see Soares et al. (2015) . The Jyndevad field (54°53¢37² N, 9°7¢12² E, 2.39 ha) is a homogeneous field characterized by sandy soil. The field is relatively flat and is dominated by Quaternary deposits of late glacial freshwater sands (Lindhardt et al., 2001) . Details on the site were presented by Knadel et al. (2016) . The Silstrup field (56°55¢56² N, 8°38¢44² E, 1.7 ha) is sandy clay loam and sandy loam. It is dominated by clay till deposits from the Weichselian glaciation (Lindhardt et al., 2001) . Details on the site were presented by Norgaard et al. (2013) . The soil in Tylstrup (57°10¢47² N, 9°57¢24² E, 1.08 ha) is a loamy sand. The field is located on fine-grained marine sand deposited in the shallow arctic Yoldia Sea (Lindhardt et al., 2001) . Finally, the Voldbjerg site (56°18¢71² N, 8°54¢87² E, 1.4 ha) is characterized by a large gradient in clay content. The soil developed in glacial lake deposits in a moraine landscape from the Saale glaciation.
Cylindrical soil columns (19 cm inner diameter and 20 cm high) were collected from each field by pushing aluminum cylindrical cores into the topsoil with the assistance of a hydraulic press mounted on a tractor. The surrounding soil was then removed and the soil columns extracted, trimmed at the bottom, sealed at both ends with plastic caps, and stored at 2°C until the experiments were performed. A total of 127 soil columns from the six field sites were studied (Estrup, 45; Faardrup, 27; Jyndevad, 9; Silstrup, 17; Tylstrup, 7; and Voldbjerg, 22 soils) . Sampling at the different fields was performed between 2010 and 2014 (Estrup, September 2012; Faardrup, April 2011; Jyndevad, spring 2012; Silstrup, October 2010; Tylstrup, February 2014; and Voldbjerg, December 2013) when the soils were expected to be close to field capacity. Additionally, bulk soils were collected from the top 20 cm at each sampling point and mixed thoroughly for the determination of texture, OC content, and vis-NIR measurements.
Soil Texture and Organic Carbon
The soil texture was determined by a combination of wet sieving and hydrometer methods (Gee and Or, 2002) on 2-mm sieved soils. The OC content was measured on ball-milled samples with a FLASH 2000 Organic Elemental Analyzer (Thermo Fisher Scientific).
X-ray Computed Tomography Scanning and Analysis
A medical scanner (Siemens Biograph True Point 64, Siemens AG) was used for scanning the undisturbed soil cores (voltage 120 kV, exposure 740 mA s, and X-ray tube current 333 mA). The soils were scanned horizontally, and reconstruction was done using filtered back-projection. The reconstructed image had a 512 by 512 pixel resolution, and each pixel measured 0.43 by 0.43 mm. The slice thickness was 0.6 mm. The contrast of the images or the pixel intensity is expressed as CT values or numbers in Hounsfield units (HU) and is related to the linear attenuation coefficient VZJ | Advancing Critical Zone Science p. 4 of 13 (Tsuchiyama et al., 2000) . The 12-bit, signed, reconstructed images obtained from the scanner were calibrated to a range between −1024 and 3071 HU based on daily calibration of pure water, which was set to 0 HU. The images were processed and analyzed using ImageJ software, Version 1.47h (Ferreira and Rasband, 2012) . Preprocessing of the CT images was performed to untilt and crop the images. The images were converted to 8-bit gray-scale images and segmented using the algorithm proposed by Sauvola and Pietikäinen (2000) . Post-processing included denoising the binary images by removing dubious features <1.2 mm in diameter. This resulted in rendering pores (³1.2 mm) as white objects and the background as black in the binary images. Macroporosity (cm 3 cm −3 ) of the soil columns was calculated, using the filtered binary images, as the volume of pores to the total volume of the soil cores. In addition to segmentation of the pore features, stones were also segmented by fitting a second-order polynomial in the image histogram corresponding to dense fractions (>1000 HU) and selecting the minimal point in the polynomial as the threshold for segmenting stones. The CT matrix (HU) was determined as described by Katuwal et al. (2015b) . Briefly, segmented pore networks and stones were masked in the original 12-bit signed images, and the average CT number (HU) of the remaining voxels was calculated to determine the CT number of the matrix (CT matrix ).
Because the CT number of the voxels is affected by the electron density and bulk density of the materials within the voxels and the energy of the X-rays (Anderson et al., 1988) , variations in the CT matrix of soils scanned under identical energy settings are accountable to variations in both bulk density and soil-moisture content. The soils studied were scanned under field-moist conditions, at which they were expected to be close to field capacity, yet precise information on the matric potential of the soils under field-moist conditions was not available. Variations in CT matrix in the studied soils could partly be due to variations in the matric potential at the time of scanning.
Visible-Near-Infrared Measurements and Analyses
Bulk soils collected from the top 20 cm at each sampling point were air dried, crushed, and sieved through 2 mm. Stones and plant residues were removed prior to crushing of the soils. After thoroughly mixing, about 30 to 50 g of soil was scanned with a vis-NIR spectrometer (DS2500, Foss) in the spectral range from 400 to 2500 nm at a resolution of 0.5 nm. The soil was placed in a rotating sample cup (7-cm diameter), which was scanned four times at seven different points and averaged. An instrument quality-check procedure, including scanning a white reference, was performed before initiation of spectral measurements. The equipment measures the reflectance (R) of the soil samples, and subsequently converts R to absorbance A [= log(1/R)].
Statistical analyses of the spectral data were performed using the PLS Toolbox 8.0 software (Eigenvector Research Inc.). First, principal component analysis (PCA) was performed for classifying the soils' vis-NIR spectra, and later partial least squares regression (PLSR) was performed for the estimation of soil texture (clay, silt, and sand), OC, and the soil structure parameters (macroporosity and CT matrix ). The PCA was performed on the raw vis-NIR absorbance spectra for all the soils. The raw absorbance data were plotted in the principal component spaces for identifying the spectral similarity-dissimilarity among the soils (Martens and Naes, 1989) . The relationship between the spectral wavelengths and the principal components was also assessed.
Partial least squares regression is a popular method for analyzing spectroscopic data, using a data compression technique to compress the highly collinear predictor variables (spectral wavelengths) to a few orthogonal factors. It then uses those successive orthogonal factors to develop a predictive linear model that maximizes the covariance between the spectra and the measured soil property (Martens and Naes, 1989; Wold et al., 2001) . The PLSR was performed on the preprocessed spectra. Preprocessing of the spectral data is essential to remove noise due to light scatter, correct for baseline shifts, and enhance and extract spectral features for the development of predictive models (Nawar et al., 2016; Rinnan et al., 2009 ). However, the performance of the preprocessing methods for the predictive ability of a model can depend on the properties of the data sets used (heterogeneity of soil properties) but also on instrumentation (Knadel et al., 2013a; Nawar et al., 2016; Nocita et al., 2014) . The second derivative (with segment = 21, i.e., smoothing of the raw spectral data by averaging across 21 data points; and gap = 7, i.e., derivatives taken with a gap size of 7 between segments of smoothed points) (Norris, 2001) was used as a pretreatment method for baseline correction and for enhancing weak signals in the spectra. The PLSR models for the prediction of soil texture, OC, and the soil structure parameters (macroporosity and CT matrix ) were first developed for a calibration data set and were then applied to a validation data set. Two-thirds of the total data (85 samples) were used for calibration and one-third (42 samples) for validation. The subsets were chosen using the Kennard-Stone algorithm (Kennard and Stone, 1969) . A 10-fold random cross-validation was also performed on the calibration data set. The data sets used for the validation set were not spatially independent but were derived from within the field sites studied, with soil properties similar to those used for the calibration model. Such a strategy can result in overestimation of the predictive performance of the model (Brown et al., 2005) .
The optimum number of components (factors) to be included in the PLSR model was based on the variation in the root mean squared error values for calibration (RMSEC) and cross-validation (RMSECV) with the different numbers of factors (Fig. 2) . The number of factors that resulted in both the smallest RMSECV and also the smallest difference between the RMSEC and RMSECV was used in the final model. The PLSR coefficients were also derived and used for identifying the wavelengths important for the prediction of soil texture, OC, macroporosity, and CT matrix .
Multiple Linear Regressions
In a comparison with the vis-NIR-PLSR-based statistical predictions, macroporosity and CT matrix were also estimated for the same set of validation data as used in PLSR using multiple linear regression (MLR) developed for the calibration data set using soil texture and OC. The best subset procedure was performed to select the subset of independent variables (clay, silt, sand, and OC) with the highest predictive power for the MLR. In this procedure, multiple linear regressions are performed systematically with different combinations of the independent variables, and the subset of the variables that best predicts the dependent variable is selected. The best subset is selected by comparing R 2 , adjusted R 2 , and the total squared error (Mallows's C p ) (Hocking, 1976) . Multicollinearity, due to intercorrelated independent variables in the derived regression function, was avoided by not including the variables with a high variance inflation factor (Kutner et al., 2005) .
Statistics
The performance of the models was assessed with the root mean square error (RMSE) and the coefficient of determination, R 2 , between the measured and predicted soil properties. The ratio of performance to deviation (RPD) was calculated as the ratio of the standard deviation to the RMSE (Chang and Laird, 2002) , and the ratio of performance to interquartile distance (RPIQ) was calculated as the ratio of the interquartile distance to the RMSE (Bellon-Maurel et al., 2010) to assess the predictive strength of the models.
Results and Discussion
Soil Physical and Structural Properties
The agricultural fields selected in the study (Fig. 1) had different characteristics in terms of soil texture and OC content ( Table 1) . The clay content of the soils studied ranged between 0.038 and 0.367 kg kg −1 and the soil OC between 0.011 and 0.084 kg kg −1 . The highest clay contents were found in the Voldbjerg soils (0.234-0.367 kg kg −1 ). The Estrup field presented a large gradient in OC (0.018-0.084 kg kg −1 ), whereas the Tylstrup and Jyndevad sites were dominated by coarse fractions in the topsoil (sand >0.727 kg kg −1 ). Although similar in texture, the topsoil at the Silstrup site had higher clay and OC contents than the Faardrup site. The effect of the variation in the texture and OC among the fields was clearly observed in the spectral absorbance ( Fig. 3a) , explained below.
Large variations in the soil structural properties (macroporosity and CT matrix ) were also present, with the largest macroporosity observed at Estrup and the lowest at Jyndevad. The macropores in the fields were highly variable in both quantity and other characteristics such as number, size distribution, and connectivity (data not shown), which can visually be assessed in Fig. 3b . The CT matrix was positively correlated with clay content (r = 0.58) and negatively correlated with OC (r = −0.39). Weaker correlations were obtained between macroporosity and the texture (clay, silt, and sand) and OC content compared with CT matrix . The strongest correlation of macroporosity was with OC, which was 0.37 (Table  2) . Macroporosity, or structural porosity, in soil consists of cracks, biopores, and macrostructures and is influenced by various factors such as soil physical properties, climate, and management practices such as tillage, compaction, and cropping and their interactions (Dexter, 2004) . Thus, macroporosity has a lower 1:1 correlation with the soil properties.
Spectral Properties
The average spectral absorbance for each field is shown in Fig. 3a , and the corresponding second derivative of the spectra is shown in Fig. 4 . The spectra for the soils showed high absorption in the visible region, prominent absorption peaks around 1400, 1900, and 2200 nm in the infrared region, and a few small peaks between 2300 and 2500 nm. Absorptions in the visible range (400-700 nm) are generally due to organic matter, Fe oxides, and the color of the soil. In the NIR range (700-2500 nm) the absorption peaks around 1400 and 1900 nm are associated with the OH functional group of free water, and at 2200 nm with the OH functional group of the clay lattice (Ben-Dor and Banin, 1995; Shepherd and Walsh, 2002) .The difference in the soil properties of the fields (soil color, OC, and particle size) was clearly reflected in the overall spectral absorbance of the fields. Only a minimal effect of clay mineralogy should be present in the spectral reflectance of the studied soils because most Danish soils have illite as the dominant clay mineral (Møberg et al., 1988) . Moisture level did not affect the measurement because the soils were air dried before vis-NIR measurements. The OH peaks (peaks around 1400, 1900, and 2200 nm) were more prominent in the soils from Voldbjerg, where the clay content is high, and less prominent for Jyndevad and Tylstrup with low clay contents (Fig. 4) . Organic matter in soil absorbs electromagnetic radiation in the visible range due to electronic absorption and increases the darkness of the soil color, resulting in a higher absorbance (Bartholomeus et al., 2008; Chang and Laird, 2002) . Despite the higher OC contents of the Estrup soils, the spectra of the Jyndevad soils had higher absorbance for all wavelengths (Fig.  3a) . The high absorbance in the Jyndevad soils could be because the smaller surface area and large spacing between the particles in a coarse-textured soil can result in large scatter of the radiation and less reflectance (high absorbance) (Clark, 1999; Mouazen et al., 2005) . Moreover, the smaller surface area can also result in a thicker OC coating layer compared with finer textured soil (Stenberg et al., 2010) , resulting in higher absorption in the visible range. However, OC in the Jyndevad soil was present loosely and not bound to soil particles, giving it a darker color than the other soils. The overall low absorbance for the Voldbjerg soils (Fig. 3a ) could be associated with the higher clay content in the soils and corresponds to the findings of Bilgili et al. (2010) .
The results of the PCA of the raw absorbance spectra are shown in Fig. 5 . The first two principal components (PCs) explained about 97% of the total variance in the spectral data. The soils were generally grouped together in the principal component space according to field site (Fig. 5a) , clearly illustrating the influence of variations in soil properties among the field sites on the spectral features of the soils. Voldbjerg and Jyndevad sites, representing the soils with the most clay and sand, respectively, were clustered in two separate groups on the negative and the positive parts of the PC1 axis, respectively. Even though the Jyndevad site was a homogeneous field, the soils were highly scattered along PC2 (explaining 5% of the variability in the spectra) ( Fig. 5a ). This may be due to the bias in the selection of the soil samples, as soil samples with large variations in clay and OC content were intentionally chosen to represent the variability in the field plot. In the PC scores plot (Fig. 5a ), Faardrup and Silstrup soils overlap with the soils from the Estrup Fig. 4 . Average spectral responses for each field after preprocessing using gap segment second derivative. site, which had the highest gradient in soil OC. Estrup soils are relatively scattered along a 45° line between the PC1 and PC2 axes (Fig. 5a) , which could indicate a joint effect of the two PCs on the sample distribution for this data set. The first component explained 93% of the variance, and its highest loadings were within the visible region, with a peak at 617 nm (Fig. 5b) . This region has previously been identified as where absorptions related to organic matter take place (Galvao and Vitorello, 1998) , indicating that the majority of the variation within PC1 was driven by the amount or the quality of organic matter present at the field sites. The highest loading for PC2 was found at 476 nm and was related to the presence of Fe oxides (Hunt, 1977) , indicating that the scatter among the Jyndevad samples can be attributed to the differences in Fe oxides in the sandy fraction at this site. The high variation in the Estrup samples can be attributed to both the effect of organic matter and the presence of Fe oxides.
Prediction of Texture and Organic Carbon
The results of PLSR analysis of texture and OC for the calibration and validation data sets are presented in Fig. 6 (left) , with the performance of the models summarized in Table  3 . The regression coefficients (Fig. 6, right) describe the importance of the wavelengths for the prediction of the variables using PLSR models. The optimum number of factors for developing the prediction models for texture and OC was between three and six. The texture (clay, silt, and sand) and OC were well predicted using vis-NIR spectroscopy, with R 2 ranging between 0.87 and 0.96, RPD between 2.5 and 3.6, and RPIQ between 1.6 and 4.9 for the validation data set (Table 3 ). Significant peaks located in the visible range, and more prominently in the NIR region around 1413, 1907, and 2208 nm, were present for all the predicted soil properties. Clay and OC contents are the soil physical properties most commonly well predicted with the vis-NIR method because of their specific spectral signatures in the vis-NIR range.
The wavelengths contributing most to the prediction of clay content were found at 419, 452, 611, 1413, 1907, 2208, 2225, 2307 , and 2329 nm (Fig. 6b) . Bilgili et al. (2010) obtained the highest correlation for soil clay content at 450 nm, whereas Islam et al. (2003) reported the most significant wavelengths at 1901 and 1912 nm. Clay mineralogy and Fe oxides largely influence the absorption features in the vis-NIR spectrum (Stenberg et al., 2010) . The VZJ | Advancing Critical Zone Science p. 9 of 13 characteristic features at 1400 and 1900 nm are attributed to the OH groups of soil moisture and that at 2200 nm is characteristic of the crystal lattice (Al-OH) in soil clay minerals. Knadel et al. (2013b) reported strong absorbance at 2206 nm, in addition to 1400 and 1900 nm, for Danish soils and particularly for clayey soils, which is associated with the dominance of illite in the clay fraction. Illite, which dominates the clay in these soils, also has weaker signatures near 2300 and 2400 nm (Clark, 1999) .
Although there has been a lot of research on texture, the silt and sand fractions have gained less attention for spectroscopic predictions. No specific absorption features can be directly related to the silt fraction (Curcio et al., 2013) . The predictions of both silt and sand content were better than what has mostly been reported (Bilgili et al., 2010; Curcio et al., 2013; Islam et al., 2003; Sørensen and Dalsgaard, 2005; Viscarra Rossel et al., 2016) , with an R 2 of 0.87 and 0.93 and RMSE of 0.045 and 0.059 kg kg −1 , respectively ( Table 3 ). The better prediction of silt and sand in our study could be due to their high correlation with clay content (Table 2) . Despite the high correlation among clay, silt, and sand content and the similarity in the plot of regression coefficients, the wavelengths between 2250 and 2500 nm were found to be more important for the prediction of silt and sand content than for clay.
Six factors were used for the prediction of OC in the study, which resulted in an R 2 of 0.92, RMSE of 0.003 kg kg −1 , RPD of 3.5, and RPIQ of 4.9 using PLSR (Table 3) . For OC prediction, the important wavelengths were found in the visible region (430-620 nm) and more prominently in the NIR region between 2200 and 2400 nm. The highest correlations were obtained for wavelengths at 2307, 2327, and 2349 nm ( Fig. 6g-6h ). Several spectral bands in the NIR region are related to absorption due to organic matter, with the most prominent ones at 1730 , 1760 , 2050 , and 2300 to 2350 nm (Ben-Dor et al., 1997 Viscarra Rossel and Behrens, 2010; Stenberg et al., 2010) . Absorption features at 2309 and 2347 nm are related to C-H bonds in the organic compounds (humic acids and cellulose) (Ben-Dor et al., 1997) . Because of the complex nature of organic matter, with many and varied functional groups absorbing at various wavelengths, it is usually difficult to specifically assign a particular wavelength to a particular response (Ben-Dor and Banin, 1995) . Organic C in the literature has been predicted with different degrees of success using vis-NIR (Viscarra Rossel et al., 2016) . Wight et al. (2016) observed that texture heterogeneity can interfere with the predictability of OC. Similar results were reported by Stenberg et al. (2010) on the influence of texture (coarse sand) on the predictability of OC using vis-NIR. The good predictability of OC in this study compared with Wight et al. (2016) and Stenberg et al. (2010) could be because of the narrower textural range of the studied soils than those studies. Different wavelengths have been associated with the prediction of soil OC. While Yang et al. (2012) reported that the inclusion of the visible range between 600 and 760 nm can improve the prediction of OC contents, Vohland and Emmerling (2011) achieved the most successful OC predictions using wavelengths >1200 nm, with wavelengths >2100 nm in the NIR region being the most significant ones. They further reported that the spectral region >1900 nm, and in particular the hydroxyl bond at 2200 nm, is of particular importance for the prediction of OC.
Prediction of Soil Structural Properties
The soil structural properties of macroporosity and CT matrix were correlated with texture (sand, silt, and clay fractions) and OC (Table 2) . Macroporosity and CT matrix were estimated both directly from the texture and OC using MLR and by vis-NIR spectroscopy using PLSR (vis-NIR-PLSR). Because of the intercorrelation between texture and OC, not all of them were used in the estimation of macroporosity and CT matix . Using MLR, macroporosity was estimated using silt, sand, and OC, while CT matrix was estimated using clay, sand, and OC. Table 4 shows the performance of the two methods in predicting macroporosity and CT matrix . Macroporosity was predicted poorly, with R 2 < 0.5, RPD < 1.4, and RPIQ < 2 for the validation data set using both methods. The vis-NIR-PLSR prediction model for macroporosity captured the variation among the different soils but not the variation within the fields (Fig. 7a) . The highest regression coefficients for the prediction of macroporosity were associated with wavelengths at 421, 452, and 593 nm in the visible range and at 1406, 1898, 1924, 2161, 2224, 2302 , and 2321 nm in the NIR range (Fig. 7b ). The wavelengths close to 2302 and 2321 nm were also found to be important for the prediction of silt, sand, and OC content ( Fig. 6c-6h ). Despite the correlations with OC, the variation in macroporosity with OC in the Estrup soils was not captured with vis-NIR-PLSR (Fig. 7a ). Macroporosity, as described in this study, consists of large pore networks >1.2 mm and is a highly dynamic soil property affected by various natural and human interventions, such as plant roots and earthworms, and the mechanical disturbance of the soil. The use of soil texture and organic matter alone is thus insufficient for the prediction of macroporosity in soil.
The predictions of CT matrix were better than for macroporosity, with higher RPD, RPIQ, and R 2 values for both methods, and Table 3 . Statistics of the calibration and validation results for soil properties, including the coefficient of determination (R 2 ), root mean square error (RMSE), ratio of performance to deviation (RPD), and ratio of performance to interquartile distance (RPIQ). with vis-NIR-PLSR producing better results than MLR on soil properties ( Fig. 7a-7d ; Table 4 ). Similar results were obtained by Santra et al. (2009) , who found that vis-NIR spectroscopy can produce prediction results for soil hydraulic properties that are comparable or even better than those obtained using pedotransfer functions based on basic soil properties. This could be because vis-NIR spectra are affected by clay mineralogy and the properties of organic matter (Stenberg et al., 2010) , which were not included in the pedotransfer functions (MLR) in the study. The wavelengths contributing most to the prediction model of CT matrix using vis-NIR-PLSR were found in the visible range (maximum at 451 and 611 nm), 1409 and 1905 (which are close to the water absorption features), and wavelengths between 2160 and 2400 nm in the NIR range (Fig. 7d) . These wavelengths were also highly correlated with clay, silt, sand, and OC ( Fig. 6a-6h ). For soils of similar mineralogical composition, CT matrix represents the density of the moist soil matrix excluding the macropores and stones and is affected by various factors such as mechanical disturbance of the soil and the degree of soil aggregation and compactness. The fields were not plowed for at least a year before sampling and were under similar management practices. The variation in CT matrix could be due to the differences in the extent of aggregate formation and stabilization, which are, in turn, closely affected by soil texture and OC (Horn et al., 1994) , and partly due to variations in soil matric potential during scanning. The successful prediction of CT matrix is attributable to its correlation with texture and OC content. Table 4 . Prediction performance of multiple linear regression (MLR) and partial least squares regression (PLSR), including the coefficient of determination (R 2 ), root mean square error (RMSE), ratio of performance to deviation (RPD), and ratio of performance to interquartile distance (RPIQ), for the prediction of soil structural properties. 
Soil property Factors
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Conclusions
This study aimed at using a rapid method, vis-NIR spectroscopy, for the prediction of soil structural properties obtained from X-ray CT scanning. Undisturbed soils from six agricultural fields within Denmark with varying texture and OC contents were scanned and analyzed for macroporosity and CT matrix (field-moist matrix bulk density) using X-ray CT scanning. Macroporosity and CT matrix , along with soil texture and OC, were predicted using vis-NIR spectroscopy and PLSR on disturbed soil that had been crushed and air dried from the same points in the six fields. In addition to using vis-NIR-PLSR, prediction of macroporosity and CT matrix were also done using MLR on texture and OC.
Considerable differences in absorption features of the vis-NIR spectra were observed among the fields, and the soils were grouped by fields based on the vis-NIR spectra. The differences in the spectra for the six fields were related to the differences in the physical constituents (clay, silt, sand, and OC). Despite the differences, significant spectral absorption features were similar for all the fields, with prominent features at 1413, 1910, and 2208 nm. Clay, silt, sand, and OC were successfully predicted using vis-NIR-PLSR (R 2 > 0.85, RPD > 2.5, and RPIQ > 1.5). The prediction of macroporosity was poor with both vis-NIR-PLSR and MLR. The CT matrix was predicted well with both methods, with vis-NIR producing better results than using the soil properties, suggesting that vis-NIR spectroscopy could be an easier, faster, and more economic means of predicting CT matrix values than using texture and OC. The good prediction of soil properties and CT matrix by vis-NIR in this study also indicates that a potential application of vis-NIR spectroscopy could be the prediction of soil hydraulic properties and preferential flow and transport, which is a part of ongoing research.
